Abstract-This letter presents a novel spatial feature called object correlative index (OCI) to enhance the classification of very high resolution images. This novel method considers the property of an image object based on spectral similarity to construct a useful OCI to describe the spatial information objectively. Compared with the generic features widely used in image classification, the classification approach based on the OCI spatial feature results in higher classification accuracy than those approaches that only consider spectral features or pixelwise spatial features, such as the pixel shape index and mathematical morphology profiles. Experiments are conducted on QuickBird satellite image and aerial photo data, and results confirm that the proposed method is feasible and effective.
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I. INTRODUCTION
V ERY high resolution (VHR) images can provide more detailed information of the Earth surface and have opened up avenues for remote sensing applications. However, the availability of these applications poses challenges to image classification [1] . To overcome these challenges, the classification of VHR images must be complemented by other means [2] . Therefore, some spatial feature extraction methods have been proposed to classify VHR remote sensing images [3] - [5] .
Several pixelwise spatial features have been reported. Shackelford and Davis [6] proposed the length-width extraction algorithm (LWEA), a shape spatial feature extraction algorithm for VHR images that can compute the "length and width" of a given central pixel using spectral similarity. LWEA is similar to the gray-level co-occurrence matrix [7] , which determines the spectral similarity between a central pixel and its surrounding pixels. Zhang et al. [2] proposed an improved LWEA by providing a pixel shape index (PSI) which describes the spatial information around the central pixel, and PSI has been described in a previous study [1] . In addition to the aforementioned methods, mathematical morphology (MP) is useful in the representation and description of regional features which have been successfully applied to urban VHR images [8] , [9] . Manuscript Compared with the pixelwise approaches, the object-oriented technique is one of the most typical techniques to classify VHR images [10] . Some advantages of object-oriented techniques in VHR imagery have been proved in [11] . This is because pixelwise approaches are often sensitive to noise, which often causes spatial inconsistency and the salt-pepper result [12] , [13] .
Therefore, this letter proposes an object-based spatial feature, named OCI, for VHR image classification. OCI is an index which describes the correlativity between the central object and its neighboring objects by detecting the spectral similarity. This is used to reveal the potential relationship between a central object and its neighboring objects based on spectral similarity and spatial relationship. The objects will pose similar OCI values when they are located in shape and size homogeneous areas, such as two houses, two farmlands, etc. If an object has a larger OCI value, it has a tighter relationship between the object and its neighbor on spectral similarity; otherwise, it is relaxed. To investigate the robustness of OCI, the neural net algorithm (NN) [14] , maximum likelihood classifier (MLC) [15] , and support vector machine (SVM) [16] , [17] are used as classifiers in this study.
The succeeding sections in this letter are organized as follows. Section II describes the proposed algorithm used to extract OCI. Two experiments are analyzed in Section III: 1) OCI is compared with (a) spectral information only and (b) other pixelwise spatial features, and 2) the parameter sensitivity of the proposed OCI extraction method is evaluated. Section IV discusses the results and provides the conclusion of this study.
II. METHODOLOGY
OCI is a spatial feature extracted in an object-by-object manner. In this letter, image objects are extracted using the fractal net evolution approach which is embedded in the eCognition software. The shape-processing filter tool in the eCognition software is used to process the image objects to ensure that they have a convex shape, which confirms that the center of gravity of each image object is inside. The flowchart of the OCI extraction algorithm is shown in Fig. 1 , and each image object is scanned and processed by the iterative procedure which is labeled by the dotted rectangle in Fig. 1 . In addition, three steps of this extraction method are summarized as follows: 1) Extend the correlative line of the object based on spectral similarity along each direction, 2) measure the distance between "from object" and "to object" in each direction, and 3) calculate the values of OCI features.
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A. Extension of Object Correlative Line
For a specific central object, correlative lines are oriented toward many directions from the center of its gravity; these lines are extended with respect to the spectral similarity of the detected objects (Fig. 2) . A correlative line detects the correlative objects by measuring the spectral similarity between the central object and its surrounding objects that spatially intersect the correlative line. In this case, the surrounding objects (i.e., o_Sur_1, o_Sur_2, o_Sur_3, and o_Sur_4 in Fig. 2 ) are determined whether or not they belong to the same area as the central object (i.e., o_Cen in Fig. 2 ). In Fig. 2 , the blue point indicates the center of gravity (p 0 ) of the central object and the red arc corresponds to the azimuth angle (θ) that starts from the horizontal line (dotted line with double arrows).
The correlative line along the ith direction can be expressed as
where the gravity center of the central object O Cen is p 0 (x 0 , y 0 ), the difference between consecutive azimuth angles is a constant θ, and y i is the ith correlative line that starts from point p 0 . The surrounding objects O Sur are the image objects that spatially intersect y i . The mean spectral similarity M sim i
between O
Cen and O Sur is defined as follows: is less than a predefined threshold T 1 , and 2) the total number of objects detected by the ith correlative line is less than another predefined threshold T 2 .
B. Length of the Correlative Line of the Object
When the ith correlative line extension is terminated, there will be at least one intersection point generated between the line and the polygon of the end image object. The intersection points are assumed as {p 1 , p 2 , p 3 , . . . , p n }; thus, we can determine the apogee point p f (x f , y f ) with respect to the gravity center p 0 (x 0 , y 0 ). Because some researchers have revealed the advantages of the maximum city-block distance used to describe the spatial feature in VHR images [2] , the maximum city-block distance is adopted in this study to measure the length of the correlative line. The length of the ith correlative line is given by
where d i is the correlative distance from p 0 to p f .
C. Calculation of OCI Feature
To calculate the value of OCI for a central object, the length can be expressed as {d 1 
where N is the total number of directions and N = 360/θ, with θ as the azimuth angle constant. OCI is defined by the total length of all the directions and expressed as
where OCI cen j denotes the OCI value of the jth central object. OCI cen j refers to the correlation between the central object and its surrounding objects based on their spectral similarity.
III. EXPERIMENT
In this section, two VHR remote sensing images validate the effectiveness and robustness of the proposed feature for classification. Three parts are designed to achieve the objectives. In the first part, a study area is well described, and in the second part, an experiment is performed to compare the accuracy of different features, such as the PSI, MPs, and spectral feature, with the proposed OCI by using three classifiers: NN, MLC, and SVM. Finally, another experiment is designed to test the influence of the parameters based on aerial data.
A. Study Area
To assess the effectiveness and robustness of the proposed spatial feature for classification of VHR remote sensing images, two real remote sensing images are obtained.
The first one is a satellite image of Xuzhou City in the east of China. This satellite image is used in the experiment to test the advantages of the proposed feature for classification. The satellite data are obtained from a QuickBird sensor at a resolution of 0.6 m, as shown in Fig. 3(a) . The test image is composed of 416 lines and 375 columns, covering approximately 250 m × 250 m. This image presents a typical urbanized area in China, which includes five classes: water, shade, grass, road, and building.
The second image, as shown in Fig. 4(a) , is acquired by the airborne ADS80 sensor. Here, the relative flying height approximates to 3000 m, and the spatial resolution is 0.32 m. The aerial image is used to analyze the parameter sensitivity of the OCI extraction method for classification. The image is classified into five classes, namely, water, shade, grass, road, and building.
For both data sets, classification becomes challenging because the roads and buildings as well as the waters and shades may be confused with one another and, hence, uncertainties may arise. Each training pixel set and test pixel (Tables I  and III) is randomly selected. The training pixel relates to its corresponding object. Take Table I for example: 98/6256 means Figs. 3(h) and 4(h) .
B. Experimental Setup and Parameter Settings
To evaluate the accuracy of different features, two experiments are designed in this study. The first experiment is designed as follows.
1) PSI. This feature is extracted according to a previously described algorithm [2] , and three parameters are selected (T 1 = 30, T 2 = 110, and D = 22.5). 2) MP. The image is operated by commonly used operators: erosion and dilation of f by structure element (SE), namely, Δ SE (f ) and ∇ SE (f ), respectively. In the TABLE II  PARAMETERS OF OCI FOR TESTING THEIR INFLUENCE ON  CLASSIFICATION ACCURACY OF AERIAL DATA   TABLE III  NUMBER OF TRAINING AND TEST PIXELS FOR AERIAL DATA experiment, the type of the structure is a disk, SE = 7 × 7. Three bands in the original image are operated by close (∇ SE (f ) → Δ SE (f )) to remove the small right and operated by open (Δ SE (f ) → ∇ SE (f )) to remove dark details. Then, the characteristic image which is used for classification consisted of six new bands and the original three bands. 3) OCI. The proposed feature is extracted by the method detailed in Section II, and some related parameters are set as follows: scale parameter = 10, shape parameter = 0.8, and compactness = 0.9 for segmentation according to a previously described method [18] . The parameters in our proposed algorithm are set at θ = 20, T 1 = 30, and T 2 = 50. 4) Spectral feature of an object. To prove that the proposed OCI coupled with the spectral feature is helpful for classification, the mean spectral feature of each image object is extracted based on the same segmental parameters as in step 3), and the result of classification is calculated using only the spectral feature of an object. At the end of each feature extraction, each new feature is considered as a new band fused with the original RGB bands for classification. In particular, OCI is considered as a new characteristic for each image object. Three supervised classifiers are then used in this study to generate the classification map. The parameters of each classifier are set as follows: 1) NN, activation method = logistic, training threshold contribution = 0.9, training rate = 0.2, training momentum = 0.9, number of hidden layers = 1, training RMS exit criteria = 0.1, and number of training iterations = 1000.0; 2) MLC, data scale factor = 1000.0; and 3) SVM with RBF kernel function parameters are set by cross-validation.
The second experiment is performed to test the sensitivity of the parameters used in the process of OCI extraction, including azimuth angle (θ), threshold of the mean spectral value (T 1 ), and threshold of the total number of objects along each direction (T 2 ). The experimental approach uses one varying parameter, and the other parameters are constant (Table II) . The SVM classifier with RBF kernel function and parameters, which is used in this experiment, is set by cross-validation. The training sample and test data are shown in Table III . 
C. Experimental Results
In the two experiments, the proposed OCI is compared with only PSI, MP, and spectral feature only of objects based on three classical classifiers (NN, MLC, and SVM). The sensitivity of the parameters of the OCI extraction algorithm is verified using SVM. The following results are obtained.
1)
Comparison of PSI, spatial features of MP, and spectral feature. The results are enhanced when the proposed OCI spatial feature coupled with the spectral feature is used for classification compared with the results when we used the PSI coupled with the spectral feature, the MP coupled with the spectral feature, and the spectral feature only. Based on the parameter setting in Section III-B, we calculated the overall accuracy (OA) and kappa coefficient (Ka) from the corresponding confused matrix of each classifier (Table IV) . OCI improves the accuracy in each classifier. The image of PSI, the classification map using PSI, and the classification map using the OCI feature and SVM are shown in Fig. 3(b) , (e), (g), respectively. The image of MP is shown in Fig. 3(c) , in which PSI and MP cannot achieve a satisfactory classification particularly for some similar spectral classes such as shade and water. PSI and MP also exhibit more noise than OCI in their classification maps. To prove this advantage of OCI, we calculated the accuracy of classification by using only the spectral features of objects (Table IV) . OA and Ka are similarly improved when OCI is used. 2) Robustness of OCI based on different classifiers: Three different classifiers, namely, NN, MLC, and SVM, are used to test the robustness of the OCI feature for classification. Table IV shows that the proposed OCI coupled with spectral information can obtain higher accuracy for each classifier. The OA of OCI is more than 90%, and Ka reaches 0.88, which is higher than that of PSI, MP, or the spectral feature only of the corresponding classifier. 3) Sensitivity of parameters in the process of OCI extraction.
The data used for this experiment are shown in Fig. 4(a) . Some classification results and ground reference data are illustrated in Fig. 4 . To test the sensitivity of the three parameters (θ, T 1 , and T 2 ) in the extraction algorithm, varying parameters (Table II) 
IV. DISCUSSION AND CONCLUSION
In this letter, a novel spatial feature called OCI has been proposed for VHR image classification. OCI can effectively describe the image-object relationship based on spectral similarity according to a simple extended algorithm. The proposed OCI leads a notable increase of classification accuracy as compared with other spatial features while they are both combined with spectral information. The results of using spectral features complemented by OCI and without OCI were also analyzed. A simple extended algorithm has been designed to extract OCI. A correlative line is extended based on the angle and spectral similarity. The correlative length in one direction is defined by the distance from the center of gravity to the apogee intersection point. Three parameters of the OCI extraction algorithm were also calibrated in our experiment.
The accuracies between different features and classifiers were compared. The result of our experiment indicates that OCI can be used to achieve accurate classification, which is indicated by an evident improvement in the accuracy of OA and Ka. Our experiment also reveals that the proposed OCI coupled with spectral information can be used to enhance the classification of VHR remote sensing images by using NN, MLC, and SVM. The proposed OCI feature in this study is very simple, and its reliability should be further evaluated. We recommend that the definition of this feature be improved in future studies.
